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Introduction
The past several decades have witnessed rapid fertility decline in the People's Republic of China. The total fertility rate (TFR) dropped from 5.76 in the 1960s to 2.71 in the early 1980s. By the 1990s the TFR had further dropped to below-replacement level, and the low fertility regime has persisted thus far (Gu et al. 2007; Lavely and Freedman 1990; Morgan, Guo, and Hayford 2010) . There is a large body of literature examining fertility decline in China. However, findings are inconsistent regarding the nature and extent of the factors that are contributing to the fertility decline. For example, scholars disagree on the major driving forces behind the fertility decline Lavely and Freedman 1990; Li, Zhang, and Zhu 2005) . Results from quantitative analyses based on publicly available data do not entirely match with those from in-depth fieldwork studies in terms of the roles that specific variables (such as education and economic development) play in affecting fertility behaviors (Greenhalgh and Winckler 2005; Harrell et al. 2011; Peng 2010; Qian 1997; Short and Zhai 1998; Zhang 1999 Zhang , 2007 . One possible reason for the conflicting findings is that the effects of the driving factors on fertility vary spatially because of differences in local contexts and characteristics. The underlying fertility decline processes are context-specific and vary across space. Uneven socioeconomic development levels, coupled with variation in the implementation and enforcement of family planning policies, could lead to fertility variation across space. In fact, existing theories of fertility decline suggest that fertility behaviors vary according to how they are influenced by economic structure, social interaction, culture, and policy implementation strategies (Axinn and Yabiku 2001; Bongaarts and Watkins 1996; Cleland and Wilson 1987; Hirschman 1994; Casterline 1993, 1996) . Thus, the relationships between fertility and social, economic, cultural, and policy-related factors may not be readily summarized by a single one-size-fits-all model. Successful policymaking needs to go beyond the search for a universal explanation of fertility decline and requires a contextual understanding of not only local fertility patterns but also the unde rly ing factors that drive these patterns.
However, the possible spatial variation in the effects that the socioeconomic and policy factors have on fertility decline has not been studied. The goal of this study is therefore not to search for universal relationships but to investigate the spatially varying relationships between county-level fertility rates and a set of social, economic, and policy factors in China. In particular, we aim to examine whether and how relationships between the fertility level and its commonly identified driving forces vary across space. In the study we apply geographically weighted regression (GWR) models to analyze geocoded 2010 county-level census data. The GWR models allow different relationships to exist at different points in space by calibrating multiple regression models using spatial weights Charlton 1996, 2008; Fotheringham, Brunsdon, and Charlton 2003; Fotheringham, Charlton, and Brunsdon 1996) . Our results reveal a complex picture of spatial variation in the relationships between fertility and its driving factors in China, and thus highlight the importance of incorporating spatial heterogeneity into fertility research.
Background and literature
Fertility policy, socioeconomic development, and fertility decline
The decline of fertility rates in China is often seen as a special case, as it is usually characterized as the result of a combination of socioeconomic development and family planning policy implementation (Winckler 2002) . Although it is helpful to differentiate the effects of fertility policy and of socioeconomic development, fertility policy cannot be isolated from the broader social and economic context. Existing studies agree that it is useful to draw a conceptual distinction between the impacts of fertility policy and socioeconomic development; in practice, however, the two forces operate to reinforce each other. The level of socioeconomic development may be a precondition for the implementation of family planning programs, and fertility policy may in turn further reinforce existing social and familial norms (Merli, Qian, and Smith 2004; Tien 1984) . This section provides an overview of the evolution of China's fertility policy and socioeconomic development. We focus particularly on existing evidence as to how these two forces interact with each other to influence variation in China's fertility rates at subnational levels.
Chinese family planning policy has long been recognized as one of the largest population control exercises in the modern world. Fertility policy has been an integral part of the nation's development strategy. After the charismatic rule of Mao Zedong came to an end in the mid-1970s the central government initiated a set of socioeconomic reforms to create a transition from a centrally planned to a market-oriented economy and to hasten the country's industrialization and modernization. The fertility policy that was initiated in the late 1970s aimed to manage China's population in a planned, 'scientific' way (Greenhalgh 2008) .
Starting in the mid-1980s, the policy went through a set of decentralizing processes (Greenhalgh 1986; Gu et al. 2007; Short and Zhai 1998) . Marked by the central government's release of Document 7 in 1984, the creation and implementation of fertility policy was devolved from central government to the local level. The aim was to make fertility policy tailorable to local social, economic, and cultural conditions. An early study that analyzes reports from 40 localities in 17 provinces reveals that tremendous diversity already existed, and that "nothing resembled a unified national situation" (Greenhalgh 1986: 499) . A study by Gu et al. (2007) provides more comprehensive documentation of the variation in fertility policy at the subnational level. By collecting birth control regulations issued by State Family Planning Commissions (SFPCs) in different provinces, Gu et al. (2007) et al. identify 22 circumstances where couples are eligible to be exempted from the strict one-child policy. These exceptions are further grouped into four categories: gender-based, economic-based, political/ethical/social-based, and entitlement/replacement-based.
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Aside from variations in the written policy, the implementation of fertility policy also varies. A study by Short and Zhai (1998) investigating local fertility policies in 167 communities concludes that the fertility policies vary not only in terms of the strength of the written policy (measured as the percentage of the population who are exempt from the one-child policy) but also in terms of the types of incentive and punishment that are implemented at the local level.
Besides the persistent scholarly interest in documenting and analyzing variations in policymaking and implementation procedures, there is also increased speculation as to what extent fertility variation at the subnational level is mainly attributable to the heavy-handed fertility policy. This line of research draws on arguments from classic demographic transition theory and posits that socioeconomic development plays a more important role than fertility policy in driving fertility decline and variation at the subnational level (Birdsall and Jamison 1983; Ping 2000; Poston and Jia 1990; Wang 2008) . The process of industrialization and urbanization increases the cost of raising children and women's participation in the labor market, and also facilitates the spread of small-family ideals, ultimately influencing reproductive motivation (Birdsall and Jamson 1983; Tien 1984) . For example, using the 2000 census, a study by compares the county-level fertility rates of two provinces, Jiangsu and Zhejiang, which have similar economic development levels but differently written fertility policies. Cai discovers that although the written policies vary greatly between these two provinces, the county-level fertility rates are still very similar. Cai concludes that even if the fertility decline was initiated by heavy-handed government intervention, the persistently low fertility trend in recent years is primarily driven by socioeconomic factors rather than government intervention.
Spatial heterogeneity of fertility decline: Theories and new evidence
Building upon the classical demographic transition theory (Easterlin and Crimmins 1985; Kirk 1996) , existing studies of fertility in China primarily emphasize the role that socioeconomic development has on fertility decline, because it is closely related to the policy debate of whether heavy-handed government intervention is still necessary under the current low fertility regime. The early nonspatial studies highlight rural-urban differences as one major spatial dimension to be considered (Greenhalgh 1988; Kaufman et al. 1989; Lavely and Freedman 1990; Li 1995) . However, in demographic literature there is growing interest in directions other than the classical demographic theory of fertility. This is primarily because fertility decline is seen as far from a universal theory, to the extent that "different historical and geographic settings show more diversity than a simple theory of fertility change would predict" (Hirschman 1994: 203) . The countervailing argument addresses the role that social interaction and diffusion of knowledge play in fertility behaviors (Axinn and Yabiku 2001; Bongaarts and Watkins 1996; Cleland and Wilson 1987; Hirschman 1994; Casterline 1993, 1996) . The central argument is that couples do not only consider their own circumstances when making fertility decisions, but also learn and imitate the fertility behaviors of people close to them. These learning and imitating processes may operate independently of economic considerations. Therefore, the spatial pattern of fertility levels cannot be interpreted as only being in response to underlying socioeconomic structures: It also reflects the spread of innovation, knowledge, norms, and institutional practices (Casterline 2010) .
Several studies have shed light on the spatial variation of fertility decline in the context of China. For example, Skinner et al. (2000) adopt an explicit spatial approach and propose a hierarchical regional space (HRS) model to study the fertility transition of China in the 1990s. The HRS model takes into consideration two-dimensional spatial structures: core-periphery zones and the rural-urban continuum. By studying fertility decline in the lower Yangzi River region, Skinner et al. (2000) highlight four aspects that contribute to spatial variation in the fertility rate: socioeconomic development levels, family planning policy and practices, changes in traditional family norms, and the spread of sex-selective abortion technologies. These four dimensions covary systematically with the decline of the fertility rate in the lower Yangzi River area through regional space, following a declining trajectory from inner-core cities to farperiphery villages.
However, increasing evidence suggests that the spread of ideas, norms, and behaviors may not entirely be in concert with the spatial structures of socioeconomic characteristics. Compared with rapid economic development and institutional change, the changes in culture and norms may be slow. As a result, in certain places distinctive fertility behaviors may differ from general patterns. For example, ethnographic research conducted by Zhang (2007) finds a reversal relationship between fertility rates and economic development levels. In areas where the economic development level is high, wealthy families tend to have more children since they are able to pay the fines, while relatively poor rural families tend to have only one child due to the concern of high costs. The work of Peng (2010) calls attention to the dynamics of birth control policy implementation at the local level, arguing that the collision between pronatalist family norms and antinatalist family planning laws may be particularly salient in some places. He finds that places with strong patrilineal norms (measured by kinship networks and presence of ancestral halls) are particularly resistant to the family planning policy and exhibit high fertility levels.
Our approach and hypotheses
Both theoretical arguments and empirical evidence suggest that understanding fertility decline in China requires explicit recognition of spatial heterogeneity in local characteristics. However, methodologically it is often difficult to describe spatially varying relationships using conventional approaches. The standard regression approaches, such as the Ordinary Least Squares (OLS) models and most of the spatial econometric models (referred to as 'global models' in the literature) obtain only one set of coefficients for all the locations and thus ignore the local and spatial contexts of fertility behavior (Ali, Partridge, and Olfert 2007; Brunsdon, Fotheringham, and Charlton 1996; Chi and Zhu 2008) . It can be argued that the varying relationships can be captured by using carefully selected interactions between socioeconomic factors and place-specific dummy variables in a single model. Doing this, however, would require researchers to have intricate knowledge of a specific set of interactions. Other models that deal with local contexts, such as the spatial expansion method and multilevel modeling, require an a priori functional form that results in the nature of the spatial process being modeled as either deterministic or discrete (Fotheringham, Brunsdon, and Charlton 2003) .
For the purpose of this study we take a blended perspective, considering fertility decline as the result of the structural transformation of socioeconomic characteristics as well as the diffusion of new ideas, technologies, and social norms (e.g., Goldstein and Klüsener 2014; Harrell et al. 2011; Retherford 1985) . Specifically, we consider spatial distribution of fertility levels in China as a reflection of the combined forces of economic development, fertility policy implementation and enforcement, and diffusion of new family norms (such as small-family ideals). What distinguishes our analysis from previous studies is that we do not assume any predetermined spatial structures in our model specification (such as rural-urban dichotomy, east-west gradient, or coreperiphery hierarchy), nor do we aim to get more precise global estimates by taking into consideration spatially correlated error terms. Instead, we focus on describing the characteristics of the nonstationarity of fertility behaviors across space, which is often regarded as source of nonrandom error variances that need to be controlled in global models. Using geographically referenced county-level data and applying GWR techniques, we estimate one set of coefficient estimates for each county while taking into consideration the characteristics of its neighboring counties. By so doing, we capture the apparent lack of uniformity in the observed relationship between fertility levels and their determinants and investigate local fertility patterns that are otherwise masked in the global models. We elaborate our hypotheses as follows.
To begin with, we expect to find that economic development plays the more complex role in affecting fertility behaviors. Previous literature reveals that the relationship between economic development and fertility decline is not universal, in the sense that the effect is contingent on the microdynamics between pronatalist social norms and antinatalist fertility laws (e.g., Greenhalgh and Winckler 2005; Peng 2010; Zhang 2007) . Even in vast rural areas where fertility policies are generally considered to be lenient, the magnitude and type of fertility incentives and regulations that couples are exposed to differ from place to place. To this end, we hypothesize H1a: Although economic development serves as one of the driving forces of fertility decline at the national level, in some places there exist positive relationships between economic development levels and fertility rates. This speaks to the observation that in several economically developed areas, if affluent families desire multiple births they can afford to pay the fines for violating family planning laws and the additional child rearing costs.
On the other hand, some studies have found that small-family ideals have begun to emerge in some rural places, such that rural families tend to actively seek only one child, even if they are permitted to have an additional child (Zhang 2007; Greenhalgh and Winckler 2005; Merli and Smith 2002) . To this end, we propose H1b: Fertility behaviors vary extensively in rural areas, such that that rural residency is not always an indicator of high fertility levels.
We also consider the relationship between female education and fertility levels to be contingent on local economic structures and social/cultural norms. The classic economic theory of fertility decline argues that females with higher education are more likely to participate in the labor market, thus facing higher opportunity costs of childbearing (Becker 1960 ). However, negative relationships between female education levels and fertility rates are only observed when females have a certain level of autonomy when making childbearing decisions (Jejeebhoy 1995; Jain 1981) . In places where son-preference norms are strong, females with higher education have better access to health facilities and maternal care and thus more quickly progress to having a second child (Qian 1997) . Therefore, we expect to see H2a: Female education levels are non-negative or insignificantly related to fertility rates in places where traditional family norms are strong.
However, we also expect to see some "threshold effects" (Jain 1981) , in the sense that certain economic and social thresholds need to be reached before observing the negative effect of women's education on fertility levels. We hypothesize H2b: In places where extreme poverty persists, an increase in female education level is associated with an increase in fertility levels.
In terms of cultural/ethnic differences, we hypothesize H3: There exist distinctive fertility patterns in places where ethnic minorities concentrate. For one thing, there are different fertility policies for ethnic groups and the Han Chinese; for another, the diffusion of fertility norms and behaviors is faster in homogenous populations (Attané and Courbage 2000; Childs et al. 2005; Poston, Chang, and Dan 2006) . Therefore, we expect to see distinctive fertility patterns in places where ethnic identities are particularly strong.
Our last hypothesis considers the spatial clusters of very low fertility rates. There have been many discussions on the emergence of low fertility regimes in the European context. For example, Kohler, Billari, and Ortega (2002) posit that the emergence of a lowest-low fertility (i.e., period fertility lower than 1.3) in Europe is attributable to the combined factors of measurement issues, newly emerged socioeconomic and institutional conditions, and amplified effects of social interaction processes. Although the primary focus of this paper is not to seek explanations for the emergence of spatial clusters of low fertility rates, applying GWR techniques nevertheless enables us to detect distinctive fertility behaviors in low fertility regimes. Therefore, we hypothesize H4: The spatial clusters of low fertility rates are not sufficiently explained by commonly identified socioeconomic, policy, and cultural factors. In other words, we expect to see relatively worse model fit in places where the low fertility rates are clustered.
Data, measurement, and analytical strategy 3.1 Data and measurement
The People's Republic of China has 31 provinces or provincial-equivalent administrative divisions (Figure 1 ). The nation is conventionally divided into four greater geographic regions that are based on economic development levels: the east coast, the middle, the northeast, and the west, with the east coast being the most developed region and the west being the least developed. The unit of analysis is administrative counties. This study includes 2,869 counties or county-equivalent administrative units in mainland China. 4 The county-level data is primarily drawn from the 2010 population census. The 2010 county-level boundary shapefile is linked to the 2010 population census. The data set and the county boundary shapefile were both obtained from China Geo-Explorer II, which is maintained by the China Data Center (2014) of the University of Michigan.
Figure 1: People's Republic of China
This study uses unadjusted period total fertility rate (TFR) as the measure of county-level fertility. It describes the observed fertility patterns of a synthetic cohort of females who followed the same fertility schedule as those in the 2010 census. The TFR is calculated based on the age-specific fertility rate (ASFR) for women aged 15 to 49 reported in the 2010 census's long form. Compared with the previous five population censuses, the 2010 census is acknowledged as having better quality and more complete enumeration (Wu 2014; Cai 2013) .
We chose seven covariates as our independent variables, based on previous studies on the determinants of fertility in China. The first two variables are included to take into account the two largest subpopulations that receive nationwide exemptions from the stringent one-child-per-couple restriction. One variable, 'rural Hukou,' is measured as the percentage of the population that has rural residency status. Another variable, 'ethnic minority,' is measured as the percentage of ethnic minorities in the total population at the county level. Aside from the majority Han Chinese, there are 55 ethnic minority groups that are officially recognized by the central government in China. They are identified by ethnic, cultural, and religious criteria (Attané and Courbage 2000) . Since the 1970s, national legislation has been consistent in stating that minority couples (or any couple in which one member is an ethnic minority) are not subject to the onechild policy (Attané and Courbage 2000; Gu et al. 2007 ). We expect 'rural Hukou' and 'ethnic minority' to be positively associated with TFR in our global model. 'Female education' is measured as the percentage of females aged 18 and above who have completed at least nine years of compulsory schooling, equivalent to completing primary and secondary education or higher. Female education has been identified as a strong predictor of fertility levels at both the individual and aggregated level (Jejeebhoy 1995; Martin 1995) . Higher female education is expected to be negatively associated with county-level fertility at the national level. 'Net migration' is included in the model to capture the potential migration effect. The net migration rate is calculated as: (1 -Hukou population/census enumeration) ×100, following the practice made by . The county level net migration rate thus captures the percentage of population without local Hukou residency status to the total census enumerated population. A positive value of net migration rate indicates migration inflow, while a negative value suggests migration outflow . We also included the measure 'poor living standard.' The 2010 census asked a list of questions regarding household living conditions, including whether there is a kitchen, tap water, a toilet, or a shower in the house. We calculated the percentage of households that do not have kitchens, tap water, toilets, or showers, for each county. To avoid the issue of multicollinearity, we applied principle component analysis to create a composite measure of poor living standard (Standard Cronbach's Alpha = 0.838) based on the four above-mentioned variables.
We also included 'sex ratio at birth' (SRB) in the model, measured as the number of boys at age zero divided by the number of girls at age zero. The imbalanced SRB has been a concern in China for the past two decades and can be attributed to three causes: the excessive birth of boys due to sex-selective abortion of female fetuses, the higher survival chances of boys due to infanticide and malnutrition of infant girls (Zeng et al. 1993) , and the underreporting of female births in the 2010 census (Goodkind 2016; Shi and Kennedy 2016; Zeng et al. 1993) . The imbalanced SRB is considered a result of the practice of son-preference, which is further amplified by the family planning policy. Existing studies have shown that the creation and implementation of family planning policies are heavily dependent on the sex of the surviving children. It is found that in places where there exist strong son-preference norms, couples whose first child is a girl are less likely to receive the one-child certificate, less likely to use contraceptives, and less likely to seek abortion than couples who already have at least one son (Arnold and Liu 1986) . Therefore, at the aggregate level, we expect an overall positive relationship between SRB and TFR.
The last independent variable we included in the model is 'fertility policy compliance ratio.' It is measured as the lifetime fertility level set by the local State Family Planning Commissions (SFPCs) divided by the observed lifetime fertility level in the 2010 census. The lifetime fertility level set by the local SFPCs, also referred to as 'policy fertility' in some existing literature, is a hypothetical indicator of what the total number of children ever born to a woman would look like in a place if all the households in that place obeyed the local fertility policy. We adopted this indicator at the province level from Table 3 in Gu et al. (2007) . 5 Compared with the TFR, which depicts the fertility level in the year 2010, the lifetime fertility level is akin to a stock measure of the fertility levels in the past few decades. 6 A value of fertility policy compliance ratio greater than 1 indicates that the policy fertility is larger than the observed lifetime fertility, suggesting greater compliance with the local fertility policy, while a value of the ratio smaller than 1 indicates greater noncompliance with the local policy. Similar practices that attempted to measure the level of fertility policy compliance can be found in works by Attané (2002) . We expect this indicator to be negatively related with TFR; that is, greater compliance with the local policy should be related to lower TFR. 5 Although the implementation of the fertility policy varies greatly at the subprovincial level, the variation in the written policy within each province tends to be small (Cai and Lavely 2007) . The constructed fertility policy compliance ratio therefore captures the within-province variations of policy compliance, given that policy fertility in each single province is constant. 6 It would be ideal to have a measure of lifetime fertility broken down by mothers' birth cohort; however, we are unable to obtain such data at the county level. The lifetime fertility level used here is a lump-sum measure of the fertility levels for multiple cohorts, thus reflecting a stock of fertility level.
Analytical strategy
We first produced the nonspatial descriptive statistics and conducted an exploratory spatial analysis to detect spatial clusters both visually and statistically. We then applied OLS models to obtain coefficient estimates at the global level. To explore the varying relationships between fertility and socioeconomic predictors, the last step is to apply GWR models. Following Fotheringham, Brunsdon, and Charlton (2003) , the basic function of the GWR model is expressed as:
where y i is TFR at county i, ( , ) denotes the coordinates of the centroid of county i, is the local intercept for county i, and is the local coefficient for predictor n for county i.
In GWR models the regression coefficients are estimated for each location independently by applying location-specific weighting schemes; therefore, there are as many 'local' regression models as there are observations (Wheeler and Tiefelsdorf 2005) . In matrix form, the vector of local coefficients of is estimated as:
where X is the matrix of independent variables, and y is the vector of dependent variables. The estimator in equation (2) is a weighted least squares estimator where the weights vary according to the location point of i. There are a variety of weighting schemes available for researchers to choose from (Fotheringham, Brunsdon, and Charlton 2003) . We chose the Gaussian weights and their bi-square variations, which are the most commonly used options (Nakaya 2014) . Thus in equation (2), is an n×n diagonal matrix with the j-th diagonal element equal to 1−( ) ⁄ if < and zero otherwise. Noted is the Euclidean distance between location i, where the parameters are estimated, and a specific point in space j at which data is observed (Fotheringham, Brunsdon, and Charlton 2003) ; where b is the bandwidth size (i.e., the distance between each observation and its neighboring locations specified by the spatial weights). The bandwidth size was determined by an adaptive method (Nakaya 2014) .
Model comparison between the OLS and GWR models was conducted to illustrate using the Akaike Information Criterion with a correction for finite sample sizes (AICc). One of the advantages of GWR modeling is that researchers can map the local coefficients as well as R 2 in order to better identify spatial heterogeneities. Following this rationale, maps of the local coefficients and local R 2 are presented. The preliminary exploratory spatial analysis and the procedure of mapping the local coefficients were conducted with ArcGIS. The descriptive statistics and the global model were calculated in SAS. The GWR model was conducted in GWR4.0. Table 1 presents the descriptive statistics of the variables, and documents substantial county-level variation in TFR and socioeconomic factors. For example, although the mean of county-level TFR is 1.24, the lowest TFR is 0.02 in the Culuan district in Heilongjiang province and the highest TFR is 4.72 in the Jinkouhe district in Sichuan province. In terms of the independent variables, 'ethnic minority' on average comprises 16.22% of the total population at the county level. There are 13 counties that have 0% ethnic minority population, while 9 counties have 99% ethnic minority population. The percentage of population with 'rural Hukou' at the county level is 70%. Again, the statistics vary over space from 0% up to 100%. For 'female education,' on average only around 50% of females have at least middle school education. A zero value indicates that no females in a county have higher than middle school education. Table 1 also reveals the skewed sex ratio at birth, as the county-level average SRB is 1.15 males per females, which is higher than the typical range, which usually lies between 1.05 and 1.07 globally (Coale and Banister 1994) . The lowest SRB is observed in the Shangganglin district, Heilongjiang province (0.77 males per females), and the largest SRB is observed in Anxi County, Fujian province (1.78 males per females). Lastly, the indicator 'fertility policy compliance ratio' has an average value of 1.15. Recall that this covariate is measured as the ratio of policy fertility to actual lifetime fertility level, where a value greater than 1 indicates that the observed lifetime fertility level in one place does not exceed the threshold set by the fertility planning committee, thus indicating greater compliance with the policy. The last column in Table 1 is the Moran's I statistic, which is a measure of the spatial autocorrelation among the neighboring values (Anselin 1995) . The Moran's I statistics for all the variables are relatively high, suggesting strong spatial patterns that exhibit for both dependent and independent variables. The percentile map of the dependent variable, the county-level TFR, is presented in Figure 2a . The fertility rate is higher in the southeast and southwest regions of China and lower in the northeast region and part of the east coast region. To shed further light on the pattern and magnitude of spatial clusters, we explored the significant local spatial clusters/outliers of TFR using local indicators of spatial association (LISA) statistics. LISA is often used as a diagnostic tool for inspecting local spatial heterogeneity in measures of global spatial association (Anselin 1995) . Figure 2b reveals that counties with high TFRs tend to cluster on the western boundaries of the Xinjiang and Tibet regions and southern provinces such as Yunnan, Guangxi, Guizhou, and Guangdong. Low TFRs tend to cluster in northeastern counties near the coastal line. Several metro areas, such as Beijing and Shanghai, also exhibit clusters of low TFRs. Aside from the spatial clusters the LISA map also highlights the spatial outliers, which are counties that surround clusters of counties with different values. For example, although high TFR values are concentrated in the southeast regions, there still exist counties that have significantly lower values of TFR compared to their neighboring counties in this region (denoted as 'low-high' outliers). Another place that exhibits low-high outliers in TFR is the Zhujiang River Delta in Guangzhou Province, one of the most economically developed areas in China. By contrast, there are counties in northern provincesnotably Hebei and Ningxia -that have high TFR values and are surrounded by low TFRs in the neighboring counties (denoted as 'high-low' outliers). To briefly sum up, the LISA map shows that the distribution of TFRs varies across space. For example, even among the most economically developed areas the fertility patterns differ between Shanghai and Guangzhou, where the former shows spatial clusters of 'low-low' TFRs and the latter exhibits clusters of 'low-high' outliers. This evidence suggests that a further analysis of the spatial heterogeneity of TFRs is necessary. County-level TFR and the local clusters/outliers Table 2 presents the coefficient estimates of the non-spatial global models. Model 1 includes two variables, 'ethnic minority' and 'rural Hukou.' Both variables are statistically significant and have the expected signs. These two covariates explain 23.5% of variation in county-level TFR. The full model is model 2, which includes all the covariates. The full model explains overall 32.2% of variation in the county-level TFR, and the AICc decreased from 2974.7 to 2578.4. In the final model all covariates have the expected signs. For example, aside from the strong positive relationship between ethnic minority and rural Hukou in TFR, model 2 also reveals a negative relationship between 'female education' and TFR. The magnitude of the effect is substantial, as a 10% increase in female education is associated with a 4.3% decrease in TFR.
Results
Descriptive statistics and the OLS regression model
7 Among other covariates, the negative coefficient between 'net migration' and TFR suggests that the places where large population inflows exist are also the places where fertility levels are low, which is expected because migration flows in China are largely from rural to urban places. We found that 'poor living standard' does not exhibit a significant relationship with TFR after controlling for other social and policy-related variables.
The global model reveals a positive relationship between observed SRB and TFR, indicating that places with more skewed SRB (more reported male births than female births) have a larger TFR. Lastly, we find a negative relationship between 'fertility policy compliance ratio' and TFR, suggesting that, all else being equal, greater policy compliance is related to lower TFR. We further conducted a multicollinearity test for all the explanatory variables. The variance inflation factors (VIFs) for the explanatory variable parameters are all within the reasonable range, suggesting that multicollinearity is not a big issue for the identified global model. 
Geographically weighted regression results
The OLS model shows that the relationship between county-level TFR and socioeconomic factors is consistent with the existing story of socioeconomic development. This section demonstrates how the identified relationships change from one place to another and to what extent these local relationships remain hidden in the global model presented in the previous section. Table 3 presents the estimated coefficients of the GWR model. The last column is the diff-of-criterion test for spatial heterogeneity (Nakaya 2014) . The test results suggest that all of the covariates are spatially nonstationary and therefore should all be treated as local covariates. In terms of overall goodness-of-fit, compared to the OLS model the GWR model explains 58.9% of the variation in county-level fertility. The AICc of the GWR model is 1403.7 compared to the 2578.4 of the OLS model, which suggests that the GWR model has a better fit than the global OLS model. Note: Positive value of diff-of-criterion suggests non-spatial variability. AICc = Akaike Information Criterion with a correction for finite sample size.
To better present the GWR results, we conducted the following visualization processes. We first created the estimated coefficient maps. The local coefficients are classified by a five-quantile scale and are mapped using multi-hued color schemes. Next, we masked the maps of t-statistics on top of the local coefficient maps so as to only present the local coefficients that are statistically significant at the α = 5% level, following a visualization method proposed by Matthews and Yang (2012) . Because the conventional statistical inference procedure for detecting significant local coefficients in GWR models suffers from multiple testing problems (Byrne, Charlton, and Fotheringham 2009; da Silva and Fotheringham 2015) , we adopted a correction method proposed by da Silva and Fotheringham (2015) to adjust our inference test results.
8 Our refined maps illustrate the local coefficients that are statistically significant after the adjustment (Figure 3) . The local coefficient maps without accounting for significant levels are included in the Appendix. The estimated GWR local coefficients at the county level (significant areas only)
Note: Local coefficients are displayed in quintile scales. Local inference test results are adjusted to correct multiple testing problems. For a significance level of 5%, the proposed correction method compares t-value with ±4.273 at the 95% confidence level, instead of the conventional value of ±1.96. This is equivalent to saying that our correction uses α = 0.00001602 (calculated based on Equation 8 of da Silva and Fotheringham 2015) for a significance level of 5%.
Figure 3a presents spatially varying relationship between 'rural Hukou' and TFR. The result indicates that the positive relationship is only statistically significant in the capital city of Beijing and its surrounding areas. Significant levels aside, a positive relationship between rural Hukou and TFR is found in the vast western region, while the east coast, middle, and northeast regions present a negative relationship between rural Hukou and TFR (see the Appendix).
The relationship between 'ethnic minority' and TFR is presented in Figure 3b . Recall that the global model indicates a positive association between the percentage of ethnic minorities and fertility in each county, but the local coefficient map shows that the positive relationship does not hold across space. An investigation of Figure 4b reveals that significant positive clusters are found only on the borders of Gansu and Xijinang provinces, and significant negative clusters are found in southern regions in Tibet. One possible explanation for the different signs of local coefficients that appear in parts of Xijiang and Tibet is that the ethnicities differ in these two places. In Xijiang the majority ethnic groups are Uygurs, Kazaks, and Huis, known as Chinese Muslims. In total, they compose 56.5% of the total population in Xijiang. In Tibet, Tibetans compose 90.5% of the total population (Tibet Autonomous Region Statistic Bureau 2012). It is likely that fertility behaviors vary greatly within ethnic minority populations, especially considering the distinct social, cultural, and religious practices among the different ethnic groups. Figure 3c presents the local coefficients of 'female education.' The map indicates that the expected significant negative relationships are found only in several small places in Sichuan province, suggesting that female education still plays a salient role in reducing the fertility rate in the southwest. However, in northwest regions, most notably in Xinjiang and part of Tibet, the relationship between female education and TFR is positive, suggesting that the higher the percentage of females who have at least middle school education, the greater the county-level TFR. Consistent with several existing empirical studies, our findings suggest that the relationship between female education and fertility is context-specific, with respect to both the level of socioeconomic development and societal gender norms (Jejeebhoy 1995) . It is also likely that certain economic and social thresholds need to be reached before the fertility decline commences (Jain 1981) . Therefore, our findings suggest that future policy that aims to improve educational levels should target places such as Tibet and Xinjiang, where the socioeconomic development levels are low.
The negative relationship between 'net migration' and TFR is partly confirmed in Figure 3d . However, significant local coefficients are only found in counties in Guangdong and Hunan provinces, leaving the majority of regions statistically insignificant. Large rural-to-urban migration flow is a new feature of Chinese population dynamics. One possible explanation for the insignificant relationship that is found in most places might be the census undercount of both fertility levels and migrant populations (Liang and Ma 2004) .
Despite the fact that the global model implies a positive relationship between 'poor living standard' and TFR, Figure 3e indicates that the local coefficients between poor living standard and TFR roughly follow a northeast-southwest gradient, with northeast regions displaying negative coefficients and southeast regions displaying positive coefficients. The significant negative relationships are clustered in northeastern regions, in particular in Heilongjiang province. Recall that the northeast is where the 'low-low' clusters of TFR are found (Figure 2b ): It is possible that in the context of ultra-low fertility the relationship between poor living standard and fertility behavior becomes negative as the cost of childbearing and rearing becomes the most important concern over and above other factors. Figure 3f presents the estimated local relationships between 'sex ratio at birth' and TFR. The global model indicates a positive relationship between SRB and TFR, while the local map shows that the relationship between SRB and TFR at the local level is highly variable across space. Specifically, there are significant negative clusters in three places: 1) Tibet, 2) the border between Sichuan and Yunnan provinces, and 3) Hainan province. This indicates that, all else being equal, a more balanced SRB (lower SRB) is associated with a higher TFR. An ancillary analysis of spatial clusters of SRB (available upon request) indicates that among the above-mentioned three areas, 1) and 2) are enclaves of low SRB, while 3) includes clusters of high SRB. Less-skewed SRB in the three areas could be attributed to two factors: weaker son-preference tradition, which is more likely to be observed among ethnic minority populations, and relaxed fertility policies. Specifically, 1) and 2) are places where the majority of the population is nonHan Chinese.
9 Although the Han Chinese are the dominant population in 3), the fertility policy is much more relaxed in this region so that the policy fertility is above 2.0 (Gu et al. 2007 ). Although we can only speculate, the GWR result indicates that the relationship between SRB and TFR is conditional on local culture and socioeconomic context and cannot be summarized by a global model. Figure 3g displays local relationships between 'fertility policy compliance ratio' and TFR. Significant local relationships are found only in Tibet and Xinjiang: in the remaining places the relationship between level of compliance and TFR is statistically insignificant.
To further examine the performance of the GWR model, maps of local R 2 and local residuals are presented in Figure 4 . The local R 2 map (Figure 4a) shows that the GWR model fits well in most places in China, but with three exceptions. First, Tibet, the southern part of Xinjiang province, and Qinghai province, which have concentrations of ethnic minority groups, including Tibetans and Turkic-speaking populations (Uyghur, Kazakh, Kirgiz). Second, the northeast regions, in particular Heilongjiang and Jilin provinces, where clusters of 'low-low' TFRs are found ( Figure  2b) . Third, the GWR model does not fit well in central regions, including Hunan, Jiangxi, Hubei, and Henan provinces. 
Discussion and conclusion
After almost forty years of economic development and implementation of family planning policies, fertility patterns in China present a mixed picture across space. In some places the variation in TFRs can still be explained within a conventional development framework; in others, clusters of low TFRs might suggest the emergence of new fertility regimes that are distinct from the processes of the first demographic transition. The spatial variation of TFRs might be caused by variation in socioeconomic development and fertility policy and in local cultural contexts and norms. Using geocoded 2010 county-level census data and GWR models, we found that the effect of socioeconomic development and fertility policy factors on TFRs varies spatially in terms of direction, magnitude, and significance levels. Moreover, the varying relationships do not follow predefined provincial administrative boundaries, suggesting spatial variation both between and within provinces. Our four hypotheses are all supported by the GWR results.
First, the role that economic development plays varies across space, in particular in rural areas. For example, variables such as 'poor living standard,' measured as households' access to a set of modern household facilities, have different signs in the northeast and northwest areas after controlling for the composition of the rural population. In addition, the significant positive effect of 'rural Hukou' is found only in places close to Beijing, suggesting that there is some unique rural residency characteristic in this place that operates independently of economic and fertility policy factors. Second, the relationship between 'female education' and TFRs is place-specific. The GWR results suggest a significant negative relationship between female education and TFRs in only a few places, such as inland Sichuan province and border counties between Guangxi and Guangdong provinces, while the relationship is positive in northwestern regions. Moreover, although we did find a positive relationship in middle and southern China where traditional family norms are strong (see Appendix), the relationship becomes insignificant after we correct for multicollinearity in the inference test.
Third, fertility differences overlap with cultural boundaries. This hypothesis is confirmed in the subsequent GWR models. The local R 2 map (Figure 5a ) and residual map (Figure 5b) show that Tibet, the northern part of Xinjiang, and Qinghai have low model performance and non-random distribution of residuals. These results coincide with observations of historical fertility decline in Europe, in the sense that the diffusion of behaviors, technologies, and social norms is faster among people who share the same culture and language (Bongaarts and Watkins 1996) . Existing studies of fertility in Tibet and Xijiang have documented distinct social, cultural, and political identities as well as family and childbearing patterns (Attané and Courbage 2000; Childs et al. 2005; Liu, Larsen, and Wyshak 2005) . It is possible that these distinctions likewise affect fertility behaviors in these regions.
Fourth, the existing socioeconomic and policy variables have low explanatory power in places with significant clusters of low TFRs. The LISA map (Figure 2b) indicates two types of area with spatial clusters of low TFRs: large metro areas (such as greater Beijing and Shanghai) and vast areas in northeast China. The subsequent GWR analysis further shows that our model performs well in metro areas, but not in areas in northeast China. In particular, the model fit is as low as 0.12 in the northeast, indicating that the existing seven predictors (rural Hukou, ethnic minority, female education, net migration, poor living standard, sex ratio at birth, fertility policy compliance ratio) cannot explain the clusters of low TFRs in the northeast. This suggests that there might be new social, cultural, and economic conditions that account for the clusters of low fertility in northeastern areas of China. To this end, our findings speak directly to placespecific and context-specific research on fertility trends in China. The GWR method is used as a "spatial microscope" (Fotheringham, Brunsdon, and Charlton 2003) that detects distinct place-specific relationships that otherwise may be dismissed in global models.
That said, this study has two limitations that should be addressed in future research. First, the 2010 county-level TFR suffers from measurement error due to the underreporting of births, which is a well-known issue in the census of China. The issue of measurement error would be of less concern if the errors were spatially homogenous and did not correlate with any independent variables. However, existing literature suggests that the underreporting of births occurs more often in rural areas than in urban areas and that births of girls are more likely to be underreported than births of boys (Goodkind 2011; Li, Zhang, and Feldman 2010; Shi and Kennedy 2016) . If this is the case, it is likely that our estimated coefficients of 'rural Hukou' and 'sex ratio at birth' are biased downwards. It should also be noted that most existing studies that aim to address the underreporting of births are conducted at the national level, using intercensus backward projection to compare cohorts that are enumerated between censuses (Cai 2013; Goodkind 2011) . We used unadjusted data in this study, because in order to correct the underreporting of births at the county level using the same methodology, children's inter-county migration trends need to be taken into account, but the data is not available. Future studies should tackle the issue of birth underreporting at the county level in order to better understand the relationship between TFR and the variables of interest.
Second, using only census data limits the study, which does not include direct measures of economic development level such as gross domestic product per capita or average household income. Also, statistics on child mortality are not available at the county level, and this is one predictor that has been found to be highly associated with fertility level (Işik and Pinarcioğlu 2006; Zhang 1990 ). In addition, this study focused on the spatial heterogeneity of fertility patterns for only a single year; therefore it cannot be used to make inferences concerning the causal relationships of these determinants. To better understand fertility transitions over time and across space, further research is needed that utilizes different data sources for multiple years.
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